The operation status of gear device can directly affect the working conditions of the whole machine system. Thus, it is crucial to detect the gear damage as early as possible to prevent the system from malfunction. This paper proposes an intelligent diagnosis method for gear damage using multiple classifiers of support vector machines with extracted failure feature vector. The vibration signal of gear box is employed as the analytical data in this paper. In order to illustrate the representative characters of gear conditions, statistical parameters and characteristic amplitude ratios of frequency bands are extracted from the vibration signals in time-domain and frequency-domain respectively, which are served as failure feature vector for the following diagnosis. Moreover, to reduce the dimensions of the failure feature vector, the technology of principal component analysis is adopted to transform the original failure feature vector into a new smaller set of variables as inputs to classifiers of support vector machines. In order to classify different types of gears, multiple classifiers of support vector machines based on the binary tree are designed. The validity of this approach is investigated by the experiment. Three kinds of gears, namely normal gear, spot damaged gear and pitted gear, are tested on the power circulating type gear testing machine. The vibration accelerations of gear box are measured as original data. Most of the samples are correctly classified by the provided method, which demonstrates the effectiveness of the proposed method on the application of gear damage diagnosis.
Introduction
Since minor gear damage may cause serious failures of the entire equipment, early detection of gear damage is one of the important measures to prevent the machine system from malfunction. Analyzing the vibration signal adopted from the gear or gear box is one of the effective methods to diagnose gear failures. Researchers have done countless studies in this respect and have developed many methods based on the analysis of vibration signal in time domain, frequency domain and time-frequency domain. In frequency domain, it is well known that the fault condition of gears can be observed at the meshing frequency and its harmonics, together with sidebands by spectra analysis of vibration signal (Dalpiaz, et al., 2000) . However, the acquired signals are always inevitably interfered by the vibration of other components in the system, or the environment disturbances. Therefore, in order to strengthen the characteristics of the useful signal, researchers have developed many other signal processing techniques for gear fault detection, such as time synchronous average method in time domain, wavelet transform and Hilber transform techniques in time-frequency domain, advanced statistical approaches and so on. These techniques have been satisfactorily applied to both fault detection and identification of the damaged gear (Houjoh, et al., 2007 , Tanaka, et al., 2012 , Wang, et al., 2010 . Because the investigated subjects are different, although all the studies adopt the same SVMs method for fault detection, the signal preprocessing techniques and failure feature vector extraction or selection methods are different. For instance, Samanta and Sugumaran both extracted statistical feature vector from the original vibration signals, while Saravanan firstly preprocessed the signal by wavelet transform, then extracted statistical feature vector from Morlet wavelet coefficients. However, all the techniques are proposed to improve the diagnostic accuracy. In this study, we try to employ SVMs to the application of gear damage diagnosis and classification with extracting particular feature vector from the vibration signal by different methods.
This paper proposes a diagnostic method for gear damage using SVMs with extracting statistical parameters and characteristic amplitude ratios of frequency bands from the vibration signal as failure feature vector. The procedure of diagnosis can be summarized as Fig. 1 . Generally, data acquisition, failure features extraction and diagnosis are the main parts of the procedure. Vibration signals of gear box are acquired as original data by testing three kinds of gears namely normal gear, spot damaged gear and pitted gear in the experiment. Then, the characteristic amplitude ratios of frequency bands are extracted from the frequency spectrum of vibration signals and statistical parameters are computed from the processed signals with noise filtered using discrete wavelet transform. Both of the characteristic amplitude ratios and statistical parameters are together served as failure feature vector of gear conditions. Additionally, the method of principal component analysis is adopted to reduce the dimensions of failure feature vector. The original features are transformed into a smaller set of parameters as input vector of SVMs classifiers. In the process of diagnosis, the experimental data is separated into training dataset and test dataset. Then, multiple classifiers of SVMs based on binary tree are built using the training data. Finally, the test data is diagnosed by the trained model of SVMs. The specific arrangement of this paper is organized as follows. A review on support vector machines and principal component analysis are illustrated in section 2 and section 3. The experimental setup and conditions are listed in section 4. Section 5 discusses the experimental results. Section 6 extracts failure feature vector from the vibration signal, and diagnoses gear damage with the proposed method. Conclusions are summarized in section 7.
Support vector machines
Support vector machines (SVMs) are based on structural risk minimization principle in statistical learning theory. It is initially dealt with linear classification problems by constructing an optimal separating hyper-plane for high classification accuracy.
For linear classification, supposing a dataset {(x i ,y i )}, i = 1, 2, . . ., n, n is the total number of samples, y i = {1, -1} is the class label of samples. As shown in Fig. 2 , squares stand for class A and circles stand for class B, x 1 and x 2 are feature parameters of input vector x i . SVMs try to search for an optimal linear boundary to identify the two classes precisely and to ensure the margin between two classes is maximum to improve the classification accuracy . The nearest data points used to determine the margin are called support vectors (Vapnik, 1998) . When the feature space of input vector x i is high-dimensional (>2), the boundary is called separating hyper-plane which can be defined as: 
Where, w is a weight vector with the same dimensions of x, 〈 • 〉 denotes a scalar product of vectors, b is a scalar threshold, w and b are used to determine the position of the hyper-plane. A separating hyper-plane must satisfy the following constraint (Vapnik, 1998) :
In order to search an optimal separating hyper-plane, one has to find a maximum margin 2 ‖ ‖ ⁄ by minimizing 1 2 ⁄ ‖ ‖ subject to the linear constraint Eq. (2). Then the optimal hyper-plane problem transforms into the quadratic optimization problem. If samples are not perfectly separable, outliers would reduce the margin even affect the determination of separating hyper-plane. To address this problem, slack variable is introduced to reduce the effect of outliers on the boundary. The optimal hyper-plane can be obtained as a solution to the following quadratic optimization problem:
Where n is the number of samples, is the slack variable measuring the degree of permitted deviation of outliers, C is the penalty constant which controls the weight between objectives of searching the optimal hyper-plane and guarantees the minimum deviation of outliers in the function. In order to solve this convex quadratic programming problem, the calculation can be converted into the equivalent Lagrange dual problem. According to the optimization theory, the Lagrange function is illustrated as follows:
Where, and r i denote Lagrange multipliers. Equation (4) can be obtained by partially differentiating L with respect to w, b, and considering the resulting equations to zero.
Substituting Eq. (5) into Eq. (4), the above equality can be transformed into the optimization problem of the dual variable :
After solving the optimization problem of , w and b can be acquired through Eqs.
(1) and (5). With = ∑ , the optimal separating hyper-plane can be determined as follows:
Therefore the decision function for linearly classifying the input test data as either belonging to class A or class B is acquired as follows:
The model mentioned above is only for linear classification with two-class labels. For the nonlinear classification, SVMs can also be capable by mapping the input variables into a high-dimensional feature space with kernel functions, where the linear classification is possible . Then, the nonlinear classification function is defined as (Vapnik, 1998) :
Where, k (x i , x) is the kernel function. There are many types of kernel functions can be used in SVMs, including linear function, Gaussian radial basis function and polynomial function. In this paper, the kernel function of Gaussian radial basis function: ( , ) = exp (−‖ − ‖ /2 ) is adopted for its high flexibility and broad application,  is the width of Gaussian function which can be determined by an iterative program.
In SVMs model, the penalty constant C and kernel parameter  both impact the generalization capability and classification accuracy of SVMs. However, there is not any precise basis to determine the suitable C and  for the given problem (Widodo, et al., 2007) . Therefore, the appropriate C and  must be selected by some parameter optimization algorithm according to the training data. In the present work, the approaches of grid-search and 5-fold cross validation were adopted to identify the most suitable C and , within the initial setting range [2 -8 , 2 8 ] of C and .
Various pairs of (C, ) values are tried and the one with the best cross-validation accuracy is picked.
Since a basic SVM classifier can only correspond to the classification of two classes, to solve the multi-classes classification problem, many multiple classifiers such as one-against-one, one-against-all and direct acyclic graph have been developed (Shen, et al., 2012 , Bo, et al., 2010 . There are three kinds of gears in this study, namely normal gear, spot damaged gear and pitted gear. Thus, two SVM classifiers based on the binary tree are designed. As shown in Fig. 3 , SVM1 and SVM2 are the classifiers built by the training data. x represents output result: x=1 for normal gear, x=2 for spot damaged gear, while x=3 for pitted gear. Firstly, the test data is inputted into SVM1, if x=1 the sample is judged as normal gear and the procedure completes; otherwise the sample will be automatically inputted into SVM2, then the sample is considered as spot damaged gear when x=2, or else is pitted gear.
Principal component analysis
Since the high-dimensions of failure feature vector will complicate the calculation and extend the processing time, principal component analysis (PCA) is adopted to reduce dimensions of vectors by synthesizing characteristics of each parameter into one index. PCA is a statistical technique using an orthogonal transformation to convert an original set of variables into a substantially smaller set of uncorrelated variables called principal components.
Supposing a set of input vectors P l (l=1, … , n), each of which is of m dimensions = ( , … , ) ( ) . PCA transforms each vector P l into a new one = ( , … , ) ( ) by: The vibration accelerations on gear box were measured on the power circulating type gear testing machine shown in Fig. 4 . The accelerometer was set at the center of the upper part of test gear box. The vibration accelerations were measured by the accelerometer and were recorded by computer through the amplifier and AD converter. The sound level meter stood 300 millimeters from the test gear box, and measured sound pressure during the experiment. To locate gear tooth which has the damage and to extract a periodic signal from measured data, the pitch signal was recorded by both an index disk mounted on the gear shaft and a photo sensor. The lubrication method was oil bath. Turbine oil ISO VG32 was selected as the lubrication oil. Test gears were driven by the electrical motor with rotation speed n= 2400 rpm and load torque T= 70 N-m. The sampling frequency is 20 kHz, and the test time is 2s. 
Test gears
Three kinds of gears namely normal gear, spot damaged gear and pitted gear were tested. Test gears specified in Table 1 are the involute spur gears whose module is 4mm, number of teeth is 29, and pressure angle is 20°. They are made of thermal refining steel JIS S45C, the gear surface finishing is hobbing, and the accuracy is JIS B1702 Grade 4. Figure 5 shows the tooth profile error of test gears. The teeth of driving gear shown in Fig. 5 (b) and 5 (c) have spot damage and pitted failure respectively. All test gears were manufactured with the same lot, such as the same material, the same process, the same cutting machine and so on. The difference of tooth profile error between the normal gear and spot damaged gear is not obvious. The tooth profile error of pitted gear is larger than that of the other gears. Because the pitting failure is generated naturally in service, the tooth profile error will become larger with the deterioration of tooth surface after a long working time. Figure 6 shows the tooth surface of test gears. Figure 6 (a) shows the normal gear with no failure on tooth surface. The spot damaged gear shown in Fig. 6 (b) has a drilled spot damage with diameter 2 mm on one of its gear tooth surfaces, whose damaged area ratio is 0.07%. Figure 6 (c) shows the actually pitted gear whose damaged area ratio of every gear tooth changes from 0% to 24.6%, and the average failure area ratio of the whole gear is 2.5%. The damaged area ratio is defined as a rate of the whole failure area of a gear tooth to the entire meshing area, which is measured by the method of Suzuki's Universal Micro Printing. Spot damage is artificially created by drilling, while the pitted gear failure is generated naturally in service. Several times of experiments were repeatedly carried out with the same pair of test gears of each type respectively. The experimental results were measured on different dates. Because the vibration accelerations measured on gear box are always effected by the measurement error, the environment, the random noise and so on, the acquired vibration accelerations are usually different although with the same test gear.
Experimental results and discussions 5.1 Analysis of vibration signal
Because of the tooth profile error produced in manufacturing, improper initial assembly, applied repetitious stress and inadequate lubrication, the occurrence of failure is inevitable after a long term operation. The vibration signals on gear box contain abundant information of gear conditions, such as the harmonics and sidebands in frequency spectrum. Therefore, the analysis of vibration signals on gear box is an effective method to detect the gear damage. Mathematically, the components of the vibration signals can be represented as follows:
Where, ( ) is the collected signal, M is the order of harmonics, is the frequency of harmonics, which is the meshing frequency when m=1, and ∅ are the amplitude and phase of respectively, ( ) is the amplitude modulation function and ( )is the phase modulation function of harmonics, ( ) is the noise signal, and ( ) is the resonance signal caused by the natural frequency of system.
The meshing frequency and its harmonics are the main components of the vibration signal. In case of a localized fault on tooth surface, the amplitude and phase modulation of the meshing frequency can be visible in frequency spectrum of the vibration signal. In the other words, sidebands will appear around the meshing frequency and its harmonics, the spacing of sidebands corresponds to the rotational frequency of the shaft carrying the defective gear (Djebala, et al., 2012 , Dalpiaz, 1998 . However, the signals acquired from accelerometer mounted on gear box are often inevitably contaminated by the interference signal, which is caused by vibrations from shafts, bearings, and other components on the testing machine. In addition, the signals are also polluted with the white noise which is generated by the accelerometer or the environmental electromagnetic disturbances. Except for the signal of interest, the other unnecessary signal components are considered as noise in this study. The noise is usually random and unstable, whose variation would be reflected in the frequency spectrum, especially in the high frequency bands. In this study, we adopt discrete wavelet transform to reduce the noise from original signal.
Discussions of the experimental results by frequency spectrum
In frequency domain, the spectrum is always varying with the gear conditions. The meshing frequency and its harmonics, together with sidebands show respective characteristics of various gear conditions. Therefore, fault features can be detected by analyzing the frequency spectrum of vibration signal. With the experimental conditions of gear rotation speed n=2400rpm and the number of teeth 29, the rotational frequency and the meshing frequency are 40Hz and 1160Hz respectively. The natural frequency of system is 2800Hz, and the analytical frequency is 10 kHz in Fast Fourier Transform. Spectrums of vibration signals for test gears are shown in Fig. 7 .
Figure 7 (a) shows the spectrum of vibration signal for normal gear. It can be seen that the spectrum for normal gear is mainly dominated by the meshing frequency, two harmonic components and the natural frequency. High-order harmonics hardly appear in the spectrum, and the amplitudes of high frequencies are quite small, which shows the noise contained in the measured signal is weak. Moreover, the sidebands around the meshing frequency are narrow and weak, which indicates that there is no damage on the gear tooth surface. Figure 7 (b) depicts the spectrum of vibration signal for spot damaged gear. As shown in this figure, the natural frequency and harmonics become more significant and dominating, while the amplitude of meshing frequency is small. However, the modulation sideband around the meshing frequency with the frequency interval of rotational frequency is not obvious. This is because the damaged area is small, which is incapable of strongly impacting the vibration of gears. Therefore, the modulation phenomenon is not clear. Fig. 7 (c) , the meshing frequency and its harmonics appear with significant amplitude. Especially, the natural frequency accounts for a considerable proportion in the spectrum. In addition, the amplitude of high frequency bands is obvious and the sidebands around the meshing frequency are wide and strong, which shows the gear condition is abnormal.
Comparing the spectrum for normal gear, spot damaged gear and pitted gear, it is found that the amplitudes of the meshing frequency, harmonics and the natural frequency become larger with the increase of damaged area. Similarly, the amplitudes of high frequencies and the sidebands also become stronger. This is because the tooth profile error caused by gear damage intensifies the vibration when the failure tooth meshing, which can generate larger modulation of amplitude and phase in frequency spectrum. Consequently, the frequency spectrum can represent particular characteristics of various gear conditions, and representative failure features can be extracted from the spectrum.
Characteristic amplitude ratios of frequency bands
As described in section 5.2, the frequency spectrum is different with the variation of damaged area. The amplitude of harmonics and sidebands vary with the conditions of test gears. Thus, it is capable to extract failure features from the frequency spectrum based on the amplitude of harmonics and sidebands. We can separate the spectrum into several frequency bands according to the harmonics and their sidebands. Then, the sum-of-squares of amplitudes of each frequency band is computed and normalized to form the characteristic amplitude ratios = ( , , … , ). The calculation procedure is shown as follows: 
Where, A j is the amplitude of frequency spectrum, T i is the sum of squares of amplitude, n is the number of samples in each frequency band, m is the number of frequency bands ( ≈ analytical frequency / meshing frequency -1), is the characteristic amplitude ratio of i-th frequency band. In this paper, the spectrum is divided into 8 frequency bands (m=8). The range of each frequency band are 0-1250Hz, 1250-2500Hz, 2500-3750Hz, 3750-5000Hz, 5000-6250Hz, 6250-7500Hz, 7500-8750Hz and 8750-10000Hz respectively, and each of the frequency bands has 2500 samples (n=2500) . Figure 8 shows the characteristic amplitude ratios of frequency bands obtained from the frequency spectrum of normal gear, spot damaged gear and pitted gear respectively. It can be seen that the amplitude ratio of the 3rd frequency band is the largest of all. This is because the range of the 3rd frequency band is 2500-3750Hz, which contains the dominant natural frequency and the 3rd harmonic component. As shown in Fig. 8 (a) , except for the 3rd frequency band, the amplitude ratios of frequency bands become smaller in order. This can be considered as the dominant meshing frequency is included in the 1st frequency band, and the amplitude of high-order harmonics is relatively weaker as discussed in section 5.2. In Fig. 8 (b) , the amplitude ratio of the 2nd frequency band is larger than that of the 1st frequency band, which shows the abnormal gear condition. Figure 8 (c) depicts the amplitude ratios of frequency bands for pitted gear, the amplitude ratio of the 3rd frequency band is significantly larger than that of the other frequency bands. As shown in Fig. 8 , the amplitude ratios of frequency bands approximately represent the characteristics of frequency spectrum and change with the variation of gear conditions. Consequently, the characteristic amplitude ratios of frequency bands can be adopted to demonstrate features of the vibration signals in frequency domain.
6. Application on the diagnosis of damaged gear 6.1 Signal preprocessing Because of unsteady gear rotation, lubrication situation, tooth stiffness variations, and other reasons, the collected vibration signal from a gear box is usually non-stationary, and the failure symptoms are not obvious especially in the early stage of gear failure. It is necessary to emphasize the failure features of measured signals in time domain. The residual signal is obtained from the raw signal in this paper because of its much less sensitive to the altering experimental conditions and more obvious representations of failure signatures. The residual signal can be acquired by removing the harmonics and resonance frequency from the raw signals and then reconstructing the remaining signal in time domain by using Fast Fourier Transform (Wang, et al., 2010) . Because the noise contained in residual signal is relatively large, the method of discrete wavelet transform is employed to reduce noise from the residual signal and the coefficients of discrete wavelet transform are reconstructed as the analytical signal. In time domain, statistical parameters such as standard deviation, kurtosis, root mean square, crest factor and so on are proved to be sensitive to the alteration of the signal and can illustrate the features of the waveform. They have been applied to the detection of localized damage in many studies (Widodo, et al., 2009) . In this paper, the statistical parameters of standard deviation ( ), kurtosis (β 1 ), skewness (β 2 ), root mean square value ( ), crest factor (K a ) and form factor (K f ) are calculated from the reconstructed signal acquired by using discrete wavelet transform.
The characteristic amplitude ratios of frequency bands and statistical parameters are together served as 14-dimensions failure feature vector = , , , , , , , … , to represent the characteristics of gear conditions. In order to eliminate the influence of dimensions and to simplify the calculating, firstly, the failure feature vectors are normalized in 0 to 1. Then, the PCA method is adopted to reduce dimensions of the failure feature vector. The original features are transformed into a small-dimension set of input vectors for SVMs classifiers (Yuan and Chu, 2006) . Fig. 9 The distribution of test dataset based on the first three principal components The distribution of test dataset based on the first three principal components is presented in Fig. 9 . The painted samples are misdiagnosed with the proposed method. As shown in this figure, the distribution of normal gear and spot damaged gear is very close, which indicates the difference of failure feature vectors between the spot damaged gear and the normal gear is not obvious. A sample of spot damaged gear distributes in the range of normal gear, which is probably misdiagnosed in to normal gear. The samples of pitted gear distinguish clearly with the normal gear and the spot damaged gear, except for a sample distributing closely with the spot damaged gear. It is considered as the sample is the error caused by operator during the measurement, which may be misdiagnosed into spot damaged gear. Table 2 shows the diagnostic results acquired with support vector machines. It can be seen that all the samples of normal gear are correctly diagnosed. However, the third sample of spot damaged gear is wrongly judged as normal gear. The vibration signal acquired on gear box is always interfered by the random noise and vibrations from shafts, bearings, or other components. The useful information and characteristics of damage are very weak. Therefore, the sample of spot damaged gear would be probably misdiagnosed into normal gear. In addition, all the samples of pitted gear are correctly diagnosed into damaged gear by the proposed method, though there is a possibility of misdiagnosis in identifying the degree of damage. Based on the analysis above, it is proved that the proposed method can effectively classify the normal gear and damaged gear with good accuracy.
Conclusions
This paper presents a diagnostic method of gear damage using support vector machines with extracting failure feature vector from the vibration signal. Characteristic amplitude ratios of frequency bands are extracted from the frequency spectrum of vibration signals and are proved to be can represent the particular signatures of different gear conditions. In addition, statistical parameters are obtained from the reconstructed signals in time domain. The failure feature vector is formed by combining the characteristic amplitude ratios of frequency bands with statistical parameters. Moreover, the technology of principal component analysis is adopted to reduce the dimensions of the failure feature vector to simplify the calculation during the diagnosis procedure. The original features are transformed into a smaller set of parameters as input vectors for the trained model of support vector machines. Finally, multiple classifiers of support vector machines are built based on the training data, by which the test data is diagnosed and the diagnostic results are outputted. For practical applications, the experimental results of normal gear, spot damaged gear and pitted gear are employed to investigate the performance of the provided method. Most of the samples are correctly classified into three types, normal gear, spot damaged gear and pitted gear. The result demonstrates the validity of the proposed approach on applying to the diagnosis of gear damage.
